Introduction
Quantifying the total value of an intervention requires an understanding of how its effects as measured in a clinical trial will translate to benefits for patients over relevant time horizons (often their remaining lifetimes) in a realworld setting. In many cases, it is necessary to use a mathematical framework-a model or simulation-to extrapolate from trial-reported outcomes to a real-world setting.
Many decision-analytic models have assessed the costeffectiveness of treatments for Alzheimer's disease (AD) in the last two decades [1] [2] [3] [4] [5] [6] . Among economic models published in the last decade on AD treatment, virtually all of them have focused on symptomatic treatments (particularly acetylcholinesterase inhibitors or memantine) for patients with mild to severe AD. Most previous studies conceptualized the course of the disease in terms of health states defined by levels of disease severity according to categories of cognitive function, dependency level, or based on patient's location of care or need for full-time care [6, 7] .
Several advances have been made in AD modeling in the recent years, such as including disease progression measures such as behavior, function, and dependence, modeling of disease progression as a continuous process rather than using discrete health states, and using individual patient simulation techniques [8, 9] . However, there remains a need for a disease simulation approach that integrates all these advances and represents the full scope of disease progression from the evolution of biomarkers of AD to cognitive and functional decline. This need is particularly acute to understand the value of the disease-modifying treatments (DMTs) currently in development for early-stage and even prodromal AD [10] .
This article describes the AD Archimedes conditionevent simulator (ACE), an individual patient simulation developed to predict the trajectory of cognitive decline in different stages of AD and the impact of treatment on that decline. We discuss the clinical and health economic inputs used in the simulator and show the results of external validations against results reported in the literature along with a case study comparing a DMT and a symptomatic treatment on disease progression.
Methods

AD ACE overview
The AD ACE is a patient-level simulator that captures the pathophysiology and management of AD, with a focus on simulating the effects of disease modification and early intervention on disease progression. The simulator incorporates interconnected predictive equations that have been derived mainly from longitudinal data sets; these equations describe disease progression through the evolution of AD biomarkers and various relevant patient-level scales of cognition, behavior, function, and dependence. The AD ACE also fully considers interrelated clinical, epidemiologic, and economic outcomes. The design of the AD ACE was based on a systematic literature review of AD economic modeling [11] , International Society of Pharmacoeconomics and Outcomes Research good modeling practice guidelines [12] , and a review of ongoing clinical trials for both symptomatic and DMTs of AD. Fig. 1 is an influence diagram outlining the key relationships in this simulator. The hierarchy of biomarkers preceding cognitive and behavioral decline reflects the description from Jack et al. [13] of the cascade of disease progression in AD; however, the relationships between the components were only included where sufficient statistical evidence was present. Similarly, the relationships between cognitive and behavioral decline and subsequent loss of function and independence reflect the modeling approach used in prior economic models of mild to moderate dementia/AD [9, 14] .
In the AD ACE, prediction of biomarker progression is mainly determined by the patient's characteristics (age, race, sex, education, apolipoprotein E4 [APOE 34] level) and relevant biomarkers. Cognitive, behavioral, functional, and dependence scores are, in turn, predicted based on patient characteristics, biomarkers, and other cognitive, behavioral, and functional scale values. In particular, cognition and behavior influence changes in function and dependence, and function contributes to predicted changes in dependence.
The AD ACE simulator represents the course of AD as a combination of evolving conditions and key events using the discretely integrated condition event simulation framework [14] . In the simulator, different aspects of patient characteristics, disease (e.g., relevant patient-level biomarkers and scales), and treatment are defined as conditions that are tracked throughout a patient simulation. At the start of a patient simulation, an initial value is assigned to each condition. These conditions may remain at their initial values or change over time as the simulation proceeds. Changes in the values of these conditions can affect the occurrence of various events. In the AD ACE, events are defined as instantaneous actions such as death, institutionalization, and treatment start/switch. Multiple events can occur simultaneously. At the start of the simulation, an initial time is assigned to each event along with a table that lists the consequences arising from that event (primarily updating the value of a condition and the time to future events). The simulation processes the events in the order of occurrence and executes the consequences of each event as indicated in each event table.
Disease progression determines a patient's quality of life, risk of institutionalization, societal costs of care, and mortality. The primary outputs of the AD ACE are incremental cost-effectiveness ratios, quality-adjusted lifeyears, total life-years, and disease management costs. Costs and quality-adjusted life-years are discounted at 3% in keeping with standard practice for U.S. cost-effectiveness modeling [12] .
Disease model
The disease model in the AD ACE is a series of equations to predict the changes in various biomarkers and scales over time under different treatment effects in a broad range of patients, including those with diagnosed disease as well as cognitively normal (CN) patients. The model also captures changes over time based on an individual patient's evolving conditions.
Analytical data set
The data used in the analyses were obtained from the Alzheimer's Disease Neuroimaging Initiative (ADNI) database (adni.loni.usc.edu) [15] . The ADNI was launched in 2003 as a public-private partnership, led by Michael W. Weiner, MD. The primary goal of the ADNI has been to test whether biological markers and clinical and neuropsychological assessments can be combined to measure the progression of mild cognitive impairment (MCI) and early AD. Details on data sets are included in the supplementary materials.
A total of 1735 patients from the three ADNI phases were included to derive the disease equations for individuals with normal cognition through mild dementia AD. Table 1 presents the baseline characteristics of the study sample. Nearly one-quarter of patients were CN, 20% had AD, 50% had late MCI, and the remainder were classified as significant memory concern/early MCI. The population across all groups was almost evenly split by sex, with an average age of 73.7 years and around 16 years of education before imputation. The majority was white and 75% were married; the percentage married was slightly higher among patients with AD, as was the presence of APOE 34 alleles.
Longitudinal assessments for the following measures were extracted from the ADNI data set for analyses: cerebrospinal fluid (CSF) proteins (b amyloid 1-42; total-tau) linked to abnormal brain deposits; fluorodeoxyglucosepositron emission tomography (a functional imaging biomarker linked to reduced brain cell metabolic activity), and one magnetic resonance imaging measurement of hippocampal volume ( 
Derivation of equations from the ADNI data
The equations modeling change from the previous visit were derived for all biomarkers and cognitive/behavioral measures.
A linear mixed-modeling framework was used [16] , allowing a random intercept to account for repeated measurements on patients in the data set. In addition to accounting for correlations within patients, the variance of random intercepts derived in the analyses quantified the degree of between-patient variability beyond what was accounted for by predictors; this was incorporated in the disease simulator to capture all relevant sources of variability.
In addition to patients' baseline characteristics, prior values of other biomarkers and cognitive/behavioral measures, as well as the prior values and rate of change of the measure being modeled were tested as potential predictors. To maintain a plausible causal structure in the equations, biomarkers were considered as potential predictors of each other and for the cognitive measures; similarly, the latter were tested as predictors for one another, but not as predictors for biomarkers. The equations also included the time since previous visit to account for the effect of duration on magnitude of change, but did not include disease status (i.e., AD, significant memory concern, MCI, and CN) to avoid restricting the simulator to use a single preset definition for these. Time since previous visit and APOE 34 allele were forced in all equations as these were expected to be predictive of changes in measures.
Variable selection among other predictors was carried out in a two-step process; the association between potential predictors and outcomes was first assessed in a univariate way (i.e., without other predictors in the model). A multivariable equation was then constructed from the variables deemed statistically significant (at a P-value of .2). The internal validity of the equations was assessed by comparing predictions to observed values for patients in the ADNI data set, stratifying by disease status at entry into the study to assess accuracy within levels.
The accuracy of the equations was also tested in the simulator by attempting to replicate the observed patterns of change in ADNI. At each testing step, the equations were refined as needed to improve accuracy.
These analyses revealed a closely linked network of associations between biomarkers and cognitive ability over time, as illustrated in Fig. 2 . Details of these equations are available in the supplementary materials.
The disease equations do not rely on disease severity levels to predict disease progression in the scales and biomarkers of disease; that is the main advantage of AD ACE compared to previous models. However, AD severity levels were added to the model because they are commonly used as predictors of clinical outcomes in the literature.
Other equations and inputs used in the disease model
Published equations from the Assessment of Health Economics in Alzheimer's Disease II (AHEAD) model are further included in the AD ACE disease model to compute patient's functional and dependence scales and to better capture the more severe stages of dementia AD that ADNI study does not effectively represent [9, 17] . Seven AHEAD equations are built in the disease model. These include two cognition scales (MMSE, ADAS-Cog); one behavioral scale (Neuropsychiatric Inventory [NPI]); three functional scales (Disability Assessment scale for Dementia), (Activities of Daily Living [ADL], Instrumental Activities of Daily Living) and one dependence scale (Dependence scale) (see Table 2 ).
As a patient progresses to more severe stages of dementia AD, the simulator triggers a switch between the ADNI and AHEAD equations for MMSE, ADAS-Cog, and NPI measures based on a disease severity threshold (e.g., MMSE level), enabling simulation of the full spectrum of AD patients in various disease stages. Compatibility and consistency in reported measures were carefully assessed and tested once switching between ADNI and AHEAD equations.
Patient variability in disease equations
As an individual patient simulation using actual patient records at baseline, the AD ACE inherently predicts the effects of patient characteristics on disease progression. There is, however, substantial heterogeneity in potential patient trajectories that cannot be predicted using only the characteristics explicitly included in the AD ACE. The AD ACE equations include terms to capture between-and withinpatient variability. NOTE. PMs represent patients' previous MMSE measurements, partitioned over the scale of MMSE. PrevRate is the patient's last known rate of decline; age represents patient age at baseline; Weeks represents weeks of follow-up in the simulation; Months represents months of follow-up in the simulation; NPIbase is the patient's baseline NPI; NPI is the patient's last NPI. White and Black are dummy variables for race; PsychMed is a dummy variable for patients on psychiatric medications at baseline; MMSEbase represents the patient's MMSE at baseline; and MMSE represents the patient's current MMSE; male and female are dummy variables for gender; Int represents a random intercept parameter.
*Mild: MMSE 20-25; moderate: MMSE 10-20; severe: MMSE , 10.
Between-patient variability is incorporated using the random-effect terms from the derivation of the disease equations. Thus, two patients with exactly identical baseline characteristics can potentially experience different courses of AD over time. The random-effect terms for different measures are correlated with one another. This ensures that measures that are related (e.g., different cognition scales) evolve in a consistent fashion within a single simulated patient.
Within-patient variability is incorporated in the disease model using the residuals from the fitting of the ADNIbased equations. These residual terms reflect the differences between the values predicted from the disease progression equations and the observed values for the patients on which the equations were based. Fig. 3 (left) shows the individual trajectories for 10 simulated patients with the same baseline characteristics when between-patient heterogeneity is incorporated along with the overall mean trajectory (red line). Despite identical baseline characteristics, some of the simulated patients progressed faster and developed dementia AD while some did not progress much. Fig. 3 (right) shows the additional level of variation in simulated patients when within-patient heterogeneity is incorporated along with the between-patient effects. The overall range of outcomes is similar to that shown in Fig. 3 (left) , but the paths become much more diverse, including some points where progression is apparently reversed. While these types of changes are apparent in individual patient data, they are both infrequent and balanced by corresponding rapid declines on average, so the average trajectory in a population shows monotonic progression. As such, within-patient variability has no effect where only population average behavior is of interest, such as in cost-effectiveness analyses, but does play a role where individual or small group trajectories are of interest, such as simulation of a clinical trial.
Additional clinical inputs
To populate the AD ACE clinical inputs that could not be informed directly by individual patient data from ADNI, targeted and systematic literature searches were conducted to identify relevant data sources. The searches were limited to studies published from 2000 to 2015 to emphasize the most up-to-date data and information available for predictors of location of care, mortality, costs of care, and quality of life. Publications were included based on the relevance of their populations, length of the study, whether their sample sizes were sufficiently large to be representative of the general AD population, and whether the predictors in the study were, or could be, included in the disease model (see Table 2 ).
Several different cognitive scales are commonly used in research studies and clinical trials in AD, including new composite measures that incorporate components of different cognitive scales. Including separate equations for ADAS-Cog, MMSE, and CDR-SB allows for a range of studies to be used as inputs and for comparisons of results.
Disease severity
The AD ACE disease model predicts disease progression for prodromal and dementia AD without relying on disease severity levels directly. However, in the literature, AD severity levels are commonly used as predictors of location of care, mortality, costs of care, and quality of life. Therefore, the AD ACE assigns disease severity based on each simulated patient's characteristics. In the base case, disease severity levels are defined solely based on cognition, specifically MMSE, following Perneczky et al. 2006 [18] . Alternative definitions based on other measures of cognition (i.e., CDR-SB and ADAS-Cog) or a combination of biomarkers and cognition were also tested and can be selected as alternatives in the model [19, 20] .
Location of care
The risk of institutionalization increases as a patient progresses to the more severe stages of AD. In the AD ACE, rate of institutionalization is predicted using both U.S. and U.K. data sources. In Neumann et al. 2001 [21] , in which three AD severity levels are defined based on patient's CDR-SB score, the risk of transition from community care to residential care is linked to the time a patient has spent at a particular AD severity level. The risk of institutionalization is further adjusted for each patient by applying a hazard ratio based on patient's current age and sex.
In the alternative approach, results derived from the Dependence in AD in England study are used to assign a probability of institutionalization to each patient based on disease severity level [17] . The user should take into account the differences in the structure of long-term care systems when picking between different approaches.
Mortality
The presence and severity of MCI and dementia AD are associated with reduced survival [22] . Studies with a target population of patients at dementia AD report a relatively higher mortality in patients in relation to the general population. In the AD ACE, patients with normal cognition and significant memory concern are assumed to have mortality reflective of the general population as presented in U.S. life tables [23, 24] . A 1.48 and 2.84 hazard ratio of death is then imposed for patients who have transitioned to MCI or dementia AD, respectively [22] . Where mortality is based on stage of dementia, the simulation uses the stage in the absence of any symptomatic treatment effect. This explicitly assumes that mortality in AD is related to the ongoing biological processes rather than a consequence of the clinical symptoms.
Given the challenge of measuring the rate and predictors of mortality and the sensitivity of many predictions to mortality, the AD ACE includes two alternative approaches to mortality for scenario analyses. The first alternative uses a Weibull parametric equation derived from the analysis of data from the Consortium to Establish a Registry for Alzheimer's Disease study to determine the patient's risk of death. This equation predicts survival using the patient's age, sex, and MMSE score at baseline [17] . The second alternative assigns a probability of death to patients based on a survival equation derived from an AD population by fitting power functions for different age and sex subgroups, without a direct role for disease severity [9] .
Health economics inputs 2.4.1. Utilities
In the literature, the patient utility scores are estimated based on patients' disease severity level, need of full-time care, location of care, or dependency level to perform ADL. Some studies calculated the patient utility scores using a regression model based on patient's cognition, behavior levels, and location of care. The caregiver utility scores are calculated using a regression model based on both patient and caregiver characteristics, and patient's cognition, behavior, and function levels.
In the AD ACE, patient utilities are computed based on a combination of methods aggregated from studies of patients at different disease stages. For CN patients, age-based utilities are used from a widely cited study by Sullivan et al. [25] . For MCI patients, a static utility value is applied from a study by Neumann et al. [26] , and for AD patients, a predictive equation is used that estimates patient utility as a function of MMSE, NPI, and location of care, based on a study of the donepezil trials by Getsios et al. [9] . The caregiver (spouse or non-spouse) utilities are computed based on the patient's NPI score, which was the only severity measure found to be significantly associated with this outcome in the analyses of data from Dependence in AD in England study [17] . The AD ACE also includes alternative approaches based on Dependence scale scores for patient utilities [17] and a predictive equation for caregiver utility based on patient's age, sex, MMSE, NPI, ADL, Instrumental Activities of Daily Living, and the use of anti-psychotic medications [9] .
Costs
The costs of AD disease management and care costs are mainly determined by disease severity and dependency level to perform ADL, location of care (i.e., noninstitutionalization or institutionalization), and/or the need for full-time care.
In the AD ACE, societal costs of care such as informal care, medical care, and community care are estimated for four countries (United States, United Kingdom, Spain, and Sweden) based on predictive equations extracted from Gustavsson et al. [27] with parameters on cognition (MMSE), functional (Disability Assessment scale for Dementia) and behavioral scales (Neuropsychiatric Inventory Questionnaire 12), and coefficients that are selected based on locale of care (community vs. residential) and patient's current disease severity (defined by the MMSE scale). Care costs are higher for patients in residential care settings than in community dwellings, but there are no significant differences between severity stages for patients in residential care. Disability Assessment scale for Dementia is the most important predictor of costs of care in the community, whereas for patients in residential care, the only disease severity measure with a significant effect on costs of care is Neuropsychiatric Inventory Questionnaire 12.
Results
External validation
The predictions of the AD ACE were verified by comparing simulator results to external data from different patient registries, clinical trials, and literature. After conducting a targeted literature review, we initially identified 22 studies with relevant outcomes on risk of mortality, institutionalization, and transition to dementia AD. Next, we looked at each selected study more carefully based on the following three criteria: (1) the availability of measures of interest, (2) patient populations that were within the scope of populations for which the AD ACE was developed, and (3) reporting of results in a manner that could be compared against AD ACE simulation results. In each validation example, the most appropriate clinical approaches available in AD ACE were picked based on the study country and the patient population, as described by the publication, was simulated by matching the characteristics presented in the article for those characteristics included in the AD ACE. In most cases, this meant matching baseline diagnosis, MMSE score, and age. Any characteristics in the AD ACE not presented in the publication were left unconstrained; that is, they were assumed to match the distributions in the ADNI population. External validations were performed without any model modifications or parameter tuning. An exception was made where patient follow-up differed markedly from that predicted in the simulation due to mortalityin those cases, a second comparison was performed with mortality excluded from the simulation.
Transition to dementia AD
In this validation test, after the study populations were matched and simulated for the study time horizons, the average time to develop dementia AD was compared between two published studies and the results from the AD ACE. Galluzzi et al. [28] studied an MCI population who converted to dementia AD in 1.7 6 0.8 years on average. A population of similar baseline characteristics was selected from the ADNI population (i.e., prodromal AD, MMSE 25-28, and age 65-80 years) and simulated in the AD ACE. The predicted time to develop dementia AD was very close to the reported value, with a mean of 1.7 6 1.2 years.
Wilson et al. [29] followed a population of patients with normal cognition at baseline who developed dementia AD at some point during the follow-up (minimum follow-up of 4 years). The study population on average developed dementia AD 7.5 years after initial signs of cognitive decline. Using AD ACE, the mean time to develop dementia AD for those patients who developed dementia AD was reported at 6.1 6 3.2 years once the simulated patients matched to the study population characteristics (i.e., normal cognition, MMSE 26-30, and age 73-85 years), which is in reasonable agreement with the Wilson et al. results, although the predicted progression was somewhat faster in the simulated population. The simulated population, however, was found to have mortality substantially in excess of that reported by Wilson et al. In the absence of mortality, the simulated time to dementia AD was somewhat longer (7.2 6 4.2 years), as a larger fraction of the patient population survived to develop dementia AD.
Institutionalization
Simulated times to institutionalization were compared to published results in Razlighi et al. [30] . Razlighi et al. tracked a U.S. cohort with mild AD at baseline over a 10-year period and reported the mean rate of institutionalization [30] . A cohort of ADNI patients with dementia AD diagnosis, MMSE score 16 to 30, and age 66 to 83 years was matched and simulated in the AD ACE. The simulated rate of institutionalization proved to stay within the confidence bounds of the study rates over 7 years as shown in Fig. 4 .
Mortality
Mortality was validated explicitly against two sourcesStubendorff et al. and Razlighi et al. [30, 31] . Stubendorff et al. followed memory clinic patients with dementia AD (and those with Lewy Body Dementia, but only dementia AD patients were used in the validation) in the Swedish Alzheimer's Treatment Study. A cohort of ADNI patients with dementia AD diagnosis, MMSE 6 to 29, age 70 to 82 years, and cerebrospinal fluid total-tau 180 to 2144 were matched and simulated in the AD ACE. The AD ACE predicted somewhat higher rates of mortality than the publication, primarily in the first 2 years of the comparison, as shown in Fig. 5 . The wide MMSE range and the fact that the distribution of the AD severity is not given for the study population makes it hard to create a simulation population that well represents the actual study population.
The Razlighi et al. [30] study population and simulation settings are described above in section 3.1.2. As in the case of institutionalization, the AD ACE agrees well with the publication, although with a slight trend to more rapid mortality (see Fig. 4 ). 
Structural sensitivity analyses
The AD ACE includes several options for varying model structure. The disease progression model allows the simulator to switch between the ADNI and AHEAD equations at a fixed threshold of disease severity. In addition, multiple options from the literature for predicting mortality and location of care are implemented and may be selected in the AD ACE. In this section, the results of structural sensitivity analyses on selection of disease equations and clinical inputs are separately discussed.
Disease equation selection
As patients progress to more severe stages of dementia AD that the ADNI study does not effectively represent, the AD ACE switches to AHEAD equations for cognition and behavioral scales to make the model more representative and accurate across all stages of AD. Fig. 6 shows the impact of switching from ADNI-based equations to those in the AHEAD model at various MMSE thresholds on predicted trajectories in the AD ACE. Fig. 6 indicates that overall, a slower decline in MMSE is achieved by switching between the ADNI and AHEAD data, as compared to following the trajectories of each cohort separately. This is mainly due to slower progression in ADNIbased equations compared to when extrapolating from AHEAD to early stages of disease and vice versa when extrapolating from ADNI to the late stages. Importantly, however, this figure shows that, for MCI patients over a range of MMSE score thresholds from 5 to 20 (very severe AD to mild AD; dashed lines in figure) , there is little impact on simulated cognitive decline of which equations were used in this range.
The ADNI and AHEAD equations were derived independently from completely separate data sets, but the results of this sensitivity analysis shows that they offer similar predictions of disease progression rates over the range in which they overlap (i.e., mild to moderate AD). This sensitivity analysis shows that the ADNI and AHEAD equations will be used where they are strongest, once a switch at a fixed threshold of disease severity is enforced for patients in their mild to moderate AD.
Predictors of mortality and location of care
The interaction between predictors of mortality and location of care may have substantial effect on the predicted economic outcomes of a simulation. A structural sensitivity analysis was performed to evaluate the impact of using different published analyses of mortality and location of care in a simulation of AD.
The alternative location of care and mortality approaches proposed in sections 2.3.2 and 2.3.3 were examined separately in this sensitivity analyses and compared to the results of the AD ACE with default selections. For these runs, all ADNI patients were simulated for a 10-year time horizon. Both alternative mortality approaches resulted in slightly longer survival (5.87 and 6.14 years) than did the default approach (5.57 years). The alternative approach for location of care also reduced the fraction of patients who were institutionalized from 15% to 10%. These results indicate how structural sensitivity analyses are essential for understanding the uncertainty in a simulation of AD and the clinical outcomes. 
Case study
A case study is provided in this section to compare the potential economic and clinical impacts of an early DMT versus a symptomatic treatment from a U.S. societal perspective. A symptomatic treatment only improves the symptoms of AD, whereas a DMT alters the evolution of the disease by affecting the AD biomarkers.
In this case study, the disease progression of 500 late MCI patients from ADNI population was studied under two hypothetical treatments over a 10-year time horizon. Five hundred simulated patients were used as this is sufficient for convergence of the simulation results in comparisons between treatments. For both treatments, similar effects were assumed on all AD scales (i.e., cognition, behavior, function, and dependence) for 3 years. In particular, the average MMSE score of patients on the two treatment arms was assumed to improve around two points compared to the no treatment arm over 3 years (see Fig. 7 ). The desired effects for the DMT were achieved by imposing early treatment effects on the biomarkers of AD such as fluorodeoxyglucose-positron emission tomography and amyloid markers.
After 3 years, for the symptomatic treatment, all effects were gradually flattened in 1 year and the AD scale trajectories were reverted to the natural history trajectories that they would have followed in the absence of any treatment. For the DMT, on the other hand, we assumed the patients will follow their natural history after the treatment shows no additional effect. Fig. 7 illustrates the MMSE trajectories for no treatment arm (green line for placebo) and the two hypothetical treatment arms (dashed red line for symptomatic treatment and blue line for DMT). Table 3 shows the results of the case study for the no treatment, symptomatic treatment, and DMT arms over 10 years. The slower rate of disease progression in the DMT patients resulted in 0.28 additional life years and quality-adjusted life-years compared to placebo. The DMT also reduced the fraction of patients who developed dementia AD, institutionalized, and died by 11%, 8%, and 2% accordingly and delayed the average time to develop dementia AD by almost 2 years. A DMT impacts institutional care and mortality by delaying disease progression to more severe stages of AD, where the risk of death and institutionalization is higher. The cost of care also reduced for DMT patients despite longer life years due to slower progression of disease and lower rate of institutionalization.
The symptomatic treatment showed no improvement in total life-years and mortality as it has no effect on the underlying AD biomarkers. A lower number of patients are also diagnosed with dementia AD under symptomatic arm because some patients died and did not exhibit AD symptoms during the 3-year period that the symptoms were temporarily improved. The average total years spent in institutional care for symptomatic patients were slightly improved compared to the placebo arm, whereas this improvement was much more significant for the DMT arm. The results of this case study clearly support the benefits of early treatment for AD patients.
Limitations
As with any model, there are important limitations that must be noted when interpreting the results of this model. Most importantly, the disease progression equations in the AD ACE were derived primarily from ADNI, a noninterventional observational study. As such, the relationships between biomarkers of disease and clinical outcomes are based on correlations in the data. The true causal relationships will need to be elucidated from randomized, interventional studies.
While there is a rich body of studies describing the burden of illness associated with AD, there are comparatively few published studies that describe how the burden, in terms of institutionalization care, mortality, cost, and quality of life, varies with disease progression; those that are available typically include relatively broad categories of disease stage (e.g., mild, moderate, and severe AD). Thus, while disease progression is reflected continuously in the model, costs, risk of mortality, institutional care, and quality of life may change discretely when crossing key thresholds from the source studies. In some cases, the clinical sources used in Table 3 Case study results for no treatment, symptomatic treatment, and DMT arms Abbreviations: LYs, life-years; QALYs, quality-adjusted life-years; AD, Alzheimer's disease; DMT, disease-modifying treatment. *The average time in institutional care and to develop dementia AD is only computed for patients who were institutionalized or developed dementia AD accordingly. the model were based on studies from multiple countries despite the important differences in the structure of their care systems or on studies conducted years prior. The structure of the model was designed to accommodate new studies as they become available; however, for the continued relevance of the model, it is essential that those studies are incorporated as they are published and that local studies are selected where possible.
Some of the clinical outcomes in the AD ACE, such as risk of institutional care, are merely linked to cognitive pathways. As a result, the model is not able to capture the implications of symptomatic interventions that only intervene on noncognitive pathways like behavior or function on such outcomes.
While the model includes three measures of cognition to capture a relatively wide range of potential input data and applications, different versions of each scale (e.g., Alzheimer's Disease Assessment Scale-Cognitive Subscale 11 and Alzheimer's Disease Assessment Scale-Cognitive Subscale 13) were used in some of the clinical sources incorporated in the model. In such instances, a conversion factor is used between the full and brief instrument scores in the model, which may not capture all of the differences between the versions of each scale. Further, the AD ACE currently only assigns risk of institutional placement to patients with AD and assumes that those patients without AD do not enter nursing homes and have a caregiver (spouse or non-spouse) until they move to institutional care.
Different scales and cutoffs were used to define severity in the source studies for some clinical inputs used in the model (e.g., mortality, location of care, utilities, and costs). Therefore, severity levels specific to different clinical approaches are defined and tracked independently in the model.
Discussion
Despite the significant societal burden of AD and the challenge of developing effective treatments for this disease, patient access to new treatments will depend on quantifying the ability of those treatments to alleviate the clinical and economic burden of the disease [10] . Because much of that burden is concentrated in the advanced stages of disease, valuing treatments will require evidence to be extrapolated from clinical trials to patients' remaining lives. However, predicting the long-term effects of treatment, particularly one initiated at the earliest stages of disease, is complicated by the absence of a scientific consensus on the causes and predictors of disease progression.
The model described here was designed to facilitate the abovementioned quantification, while recognizing the uncertainties inherent in the process. In particular, when relying on a noninterventional study to represent disease progression, a model embeds the assumption that modifying the components of the disease pathophysiology that are predictive of future disease progression in natural history is causative and that their causal role is reversible. The model presented here only considers those elements of disease pathophysiology that are hypothesized to be part of the cascade of AD progression [13] to minimize the risk of incorporating spurious correlations in the disease equations. However, the reliance on natural history is a key potential limitation of the model that can only be evaluated as findings from DMTs are reported.
Along with the need for research on the causal relationships in the pathophysiology of AD, there remain substantial uncertainties regarding the clinical progression of the disease in terms of how cognitive, behavioral, and functional declines translate to the economic and social burdens of AD. A specific strength of the model developed here is the decoupling of disease progression modeling from disease staging and in turn from the economic implications. Because of this, the range of published literature on the translation of clinical disease progression to diagnosed stage and economic outcomes can be evaluated in the model using structural sensitivity analyses, as recommended by the International Society of Pharmacoeconomics and Outcomes Research good modeling practice guidelines [12] .
Supporting the value of future treatments for AD will require a model that predicts the long-term clinical and economic outcomes of AD and the effects of treatments [10, 11] . While ongoing testing and advancement will be required as research toward an effective DMT for AD continues to be reported, the model presented here integrates currently available data and literature so those predictions can be made using current evidence. 2. Interpretation: The model described here was developed to reflect progression from normal cognition to advanced AD across multiple pathophysiological and clinical facets of the disease. This permits modeling of treatments ranging from very early disease modification to symptomatic treatments in advanced disease.
3. Future directions: Research in the progression and economic impacts is a large and active field and the model will need to be tested and updated to incorporate new findings from that research. In particular, the model presented here relies heavily on extrapolation of natural history data.
